Monoaromatic hydrocarbons (MAHs) monitoring is of environmental interest since these chemical pollutants are omnipresent. While waiting for robust sensors able to detect hydrocarbons at very low levels, the present study shows how each compound from pure BTEX mixtures can be identified fast and quantified thanks to Raman spectrometry and data processing based on the SIMPLISMA algorithm. A preprocessing module has been created to remove background contributions and a postprocessing program has been added to achieve matching and calibration. A wide range of BTEX concentrations and relative proportions has been investigated in order to determine the limitations of the processing. Output results achieved an accuracy of up to 95%. This method could be extended to other important pollutants such as polyaromatic hydrocarbons (PAHs) and chlorinated hydrocarbon derivatives.
Introduction
Among the different environmental pollutants, the monoaromatic hydrocarbons (MAH) are among the most common in ground and surface waters. This is due to their presence in petroleum and its derivatives. So the main source of this pollution is known to be the exhaust gas emissions from fuel combustion. 1 MAH generally refers to the so-called BTEX compounds, which are benzene, toluene, ethylbenzene and xylenes (ortho-, meta-, para-isomers); environmental laws and recommendations take them into consideration. [1] [2] [3] [4] In addition to the intensive use of fuels, the monoaromatic hydrocarbons play a part of prime importance in industry because they are used as raw materials and solvents in many applications. As a consequence contamination occurs around petroleum and natural gas production and refinery sites including petrol stations, as well as BTEX-consuming industries. Atmospheric fallout, unforeseen or wilful spills and industrial effluents are nothing better than BTEX sources in any environment. What makes these compounds so intensively studied is their omnipresence combined with their toxicity for both humans and aquatic life. The central nervous system is one of the biological system targets of monoaromatic hydrocarbons. The dangerous neurotoxicity of BTEX comes from their high volatility combined with their easy absorption into lung alveoli and skin, without allowing their favorable miscibility in human biological fluids. After repeated exposure to these compounds, the classic signs due to long term intoxication are expressed by a state of fatigue, anxiety and sleep disturbance and by even nervous breakdowns. 5 The whole BTEX provides more or less serious mutagenic and reprotoxic effects. 6 In the particular case of benzene, the most dangerous of BTEX, long term intoxication specifically borders bone medulla where blood cells are made and can lead to deadly aplastic anaemia and/or leukaemia (carcinogenic Group 1, mutagenic, reprotoxic). Until now, the analytical standard procedure used for monitoring amounts of BTEX in water consists in taking and gathering water samples for analysis in a laboratory. The analytical process involves different extractions such as Solid Phase (micro)Extraction (SPE) and purge and gas trap chromatography which can be coupled with mass spectrometry. 2, [7] [8] [9] In spite of the high selectivity and sensibility obtained by these methods, significant disadvantages remain. First, the time lag between the sampling and the analyses that cannot allow sufficient reactivity in case of accidental spill, for example. Then, scientific staff must be highly qualified to collect representative samples without any external contamination and loss of analytes. Several studies have proposed a solution to bypass the SPE step with direct injection 10, 11 or the headspace sampler based method. 8, [12] [13] [14] [15] [16] [17] [18] In the same way, some work has been carried out using HPLC. 19, 20 But these systems would be neither easily portable nor in situ used. Incidentally, Raman spectrometry was seldom used instead of GC/MS.
According to these statements, optical remote sensing clearly appears to be a prime technology. Removal of the collecting, sampling and carrying steps represents an indisputable advantage. However, nowadays there is a lack of relevant techniques that allows fast qualitative, quantitative and in situ analysis of BTEX. Among the different methods, Laser-Induced Fluorescence seems to be inappropriate in real cases because of the broadness and overlap of output signals. 23 Herein the aim of the study is to determine the feasibility of identification and quantification of BTEX by Raman spectrometry in pure compound mixtures. While waiting for robust SERS sensors able to detect hydrocarbons at very low levels, the present study is focused on how each compound from pure BTEX mixtures can be identified fast and quantified thanks to Raman spectrometry and data processing based on the SIMPLISMA algorithm. As far as we know, only Cooper et al. have ever tried to differentiate the 6 BTEX together by Raman spectrometry in order to perform their quantification thanks to chemometrics. 31 This study consists of the comparison of near-IR, mid-IR and FT-Raman spectroscopy combined with PLS processing for the routine determination of BTEX in petroleum fuels. Our complementary study is focused on Raman spectrometry, and the range of concentrations is larger than Cooper's. Finally we use chemometrics based on the SIM-PLISMA algorithm. 49 The advantage of this data processing is its interactivity and fast adaptability to new and/or unknown compounds, which is needed in real cases. Indeed, the number of components to be found and isolated from the spectra as well as an offset value to reduce the noise level can be easily modified. Also, if the background contribution is high, a second derivative spectra can be used to get around that. Many methods for background subtraction have been reported [52] [53] [54] [55] [56] [57] [58] accompanied with their pros and cons. Here baseline contributions are not huge and spectra were pre-processed for both band shift corrections, as it can affect the data analysis, 50 and background removal according to Eilers' approach. 51 Moreover in the future, inevitably more and more data will be demanded by health organizations or simply by the monitoring of a mounting number of places in order to increase pollution mapping precision. In this way it is obvious that the fastest method to obtain qualitative and quantitative results will be needed. It would be even better if it could be remotecontrolled, which Raman spectrometry coupled with chemometrics would enable.
Experimental

Chemicals and sampling
All the compounds were purchased from Sigma-Aldrichbenzene (≥99%), toluene (≥99.5%), ethylbenzene (≥99%), ortho-xylene (≥99%), meta-xylene (≥99%), para-xylene (≥99%), chloroform (≥99.5%). The different mixtures were prepared by adding the desired volumes of the different components thanks to suitable micropipettes -2-20 µL, 20-200 µL and 200-1000 µL. Each sample reached a 2 mL total volume in a sealed clear glass vial. Raman measurements were directly carried out through it. Judging from the material used and the experimental procedure, uncertainty on concentrations was found to reach 5% at worst.
Instrumentation
Raman spectra were recorded at stabilized room temperature (19°C) with a Labram HR800 Raman spectrometer from Horiba Jobin-Yvon. The 691 nm wavelength of an Ondax laser diode was used. The laser beam was focused through a ×10 objective. Scattered radiation was collected at 180°relative to the excitation beam and detected with an Andor CCD cooled by the Peltier effect. A 300 lines mm −1 grating coupled to the spectrograph configuration allowed a spectral resolution of around 4 cm −1 . Spectral calibration was performed on a crystalline silicon sample using the known band at 520 cm −1 .
Acquisition parameters were 5× 3 s from 200 cm −1 to 3400 cm −1 with 15 mW power for the sample.
Chemometrics
Band shifts appearing with time were corrected thanks to a homemade MatLab program. Indeed this could improve the ability prediction of chemometrics as shown by Witjes et al.
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In addition to this, an algorithm was programmed in MatLab 7.0.1 to remove the Raman spectral background in a similar way for all of the spectra while keeping the analytical signal intact 51 (example in Fig. 1 ). This was possible by minimizing the following S function:
with y the signal intensity for each i wavenumber, z the baseline, λ the smoothing parameter and p the asymmetric one as κ i = p if y i > z i and κ i = 1 − p otherwise. The last term was defined as follows:
The spectra were processed in two parts. Below 380 cm −1 , the two parameters needed for the calculations were p = 10
and λ = 10 2 . Above 380 cm −1 , p = 10 −4 and λ = 10 5 . An example of this background treatment is shown in Fig. 1 applied on pure meta-xylene spectra. All of the presented following spectra have undergone the same background correction. Spectral identification and quantification were achieved using the SIM-PLISMA algorithm 49 which was modified to automate data processing thanks to MatLab 7.0.1 again. As each different chemical could be distinguished from the other thanks to their principal Raman bands, the SIMPLISMA algorithm was able to extract the pure spectrum of each compound from a series of measured spectra whose signals were the result of the contributions from the different compounds. The general equation used by SIMPLISMA was the following:
with D the experimental data matrix, C the contribution matrix, proportional to the concentration, P the pure variable matrix containing the pure spectra, and E the residual error matrix. The determination of pure variables was built on the following equation:
with p i,k the purity value of the variable i from which the k th pure variable is selected, μ i and σ i the mean and standard deviation of variable i. An offset α was added to give variables with a low mean value a lower purity value (noise range). The weight factor w i,k was a determinant-based function that corrected for previously chosen pure variables. First, the Q dispersion matrix was calculated from D(λ) whose data were scaled by the length to give an equal contribution for each variable. So D(λ) was given by:
Then the dispersion matrix was:
with n the number of spectra. The determinants were finally calculated according to eqn (7):
with P 1 the first pure variable. The index i was the variable for which the determinant was calculated. The index k indicated the index of the pure variable for which this determinant was calculated. After a successful data processing, when residual error Δ was minimized according to eqn (8) , the relative contributions of the different species were given as well as their assigned pure spectra.
In eqn (8) above, d i,j was the i th row and j th column element of D; d i,j calc was the i th row and j th column element of D calculated by the SIMPLISMA algorithm; n spec was the number of mixture spectra and n var was the number of recorded intensities. Next, each calculated pure spectrum had to be assigned to a single or a mixture of molecular species: such assignment was done using literature data or the Raman spectra measured on pure isolated analytes. Some supplementary programming was achieved to succeed in automatically identifying and quantifying the different known pollutants thanks to our own database while isolating the other molecules (for real cases).
Results and discussion
Spectra description
Herein different mixtures of the 6 exclusive BTEX compounds have mainly been carried out. Their Raman characteristic bands are listed in Table 1 . The concentrations values, expressed in g L −1 , have been chosen to simulate the most unfavourable conditions and to test the limits of the chemometric process. In such a study, unfavourable conditions stand for a large gap of concentrations, multiple compounds with similar analytical responses, and one or several pollutants taking precedence over one or several remaining ones. The detailed description of the samples is given in Tables S-1 and S-2 of the ESI † while corresponding Raman spectra are shown in Fig. 2 .
Advantages of SIMPLISMA method
From these spectra it can be noted that band covering is significant, so we can expect some difficulties in component discrimination. Moreover it is noteworthy that the whole spectrafrom 200 to 3400 cm −1 -is used for this data processing whereas only some limited spectral parts are often used for other treatment. 30, 31, 48 As a consequence these methods are carried out in several steps while our algorithm enables the utilization of the whole information contained in spectra at once by the user. Contrary to other methods, especially Multivariate Curve Resolution-Partial Least Square (MCR-PLS), Asymmetrical Least Square (ALS) or Classical Least Square (CLS), which are intensively used, the SIMPLISMA approach does not need an initial estimation of either component spectra or contribution profile. This is a huge advantage in sensor applications where the concentrations values are unknown and time-and spacedependent.
In addition to this, there is no need to build any set of calibrations, which is very time consuming and should be done for each matrix change. A simple database would be enough to enable the quantification. By definition, target pollutants are well-defined and well-known. The most dangerous among them for health and environment are even rightly indexed in law documents. [2] [3] [4] Proceeding further, the spectral signature of one or several unexpected molecules could be separated from the known signals thanks to the versatility of the data treatment. With regard to the fifty or so samples, their Raman spectra (Fig. 2) have been input in our MatLab program described in Chart 1. Then two adjustable parameters must be specified, which are the number of components to be extracted and an offset value contributing to the reduction of the spectral noise in the computation. The following results have been obtained by setting the number of components to 6 and the offset value to 5% or Fig. 3 Raman spectra of benzene, toluene, ethylbenzene, meta-xylene, ortho-xylene and para-xylene: comparison between pure experimental (grey) and resolved (black) spectra. Enlargements of interest are included into graphs.
less. Fig. 3 shows the 6 resolved spectra which match very well the 6 experimental spectra of each pure BTEX. Only enlargements can reveal the differences between the resolved and experimental BTEX spectra. The main mismatch comes from the 1000 cm −1 area where bands can be cut or added depending on each case. Thanks to their experimental pure spectra, we have implemented the identification and quantification of the pollutants in our algorithm. Even more, to improve result accuracy, we forced the algorithm to use experimental pure spectra instead of the resolved ones to split up the mixture spectral data (Chart 1, SIMPLISMA 2 way).
Comparison of the calculated and experimental spectra
In order to estimate the agreement of the calculations with the expected quantities, we have plotted the computed concentrations versus the actual ones (Fig. 4) . As highlighted by these plots, the values fit well and even better than ref. 31 . One more fact to underline is the variation in accuracy which seems to be dependent on the spectral characteristics of each BTEX. Sample preparation uncertainty was calculated by adding those given by the providers of the equipment used and reached 5%. Spectral uncertainty was determined by using the standard deviation σ of the peak maximum from each spectrum measured 10 times on the same sample. Five random samples were used to reach an uncertainty of 15% thanks to the formula 100(3σ/max( peak)). From all the results (see also ESI Tables S-1 and S-2 and Fig. S-2 †) and taking into consideration the previous uncertainties, data processing error is estimated to reach 5% (according to relative deviations) when the Raman signal of a component contributes more than 10% of the total signal. Below this value, uncertainty can reach up to 10% and when the signal contribution of one species is less than 2%, error is out of tolerance. This can be realized thanks to Fig. 4 where computed versus actual concentrations of BTEX have been plotted. A perfect matching should result in a linear trend with a slope of 1 and an intercept of 0. This can be compared to the linear fit included in the Fig. 4 -with intercepts fixed at 0. Inaccuracy is mainly caused by spectral covering. Indeed from Table 1 and Fig. 3 we can note many common bands between BTEX spectra, particularly around 1000 cm −1 . Now each BTEX compound exhibits a Raman signal in this spectral area, except for para-xylene whose concentration is consequently the most accurately determined as shown in Fig. 4 . In the same way, ortho-xylene exhibits a very low signal in this area, so a very good computation is carried out. Logically, benzene with its only intense characteristic band at 994 cm −1 is determined with the worst accuracy, being consistently underestimated. In continuation, the higher dispersion of values below 100 g L −1
tends to raise another source of inaccuracy. Indeed big proportion gaps between the components cause determination gaps between the lowest computed and actual values.
Data processing adaptability
An 'unknown' pollutant was then added in order to test the data processing adaptability. The program was run incrementing the component number and succeeded in identifying and quantifying the known BTEX as previously. The remaining unknown signal has been isolated in one more resolved spectrum and the corresponding contribution. This enables a qualitative estimation of its proportion in the samples. To proceed further, we have to assign the resolved spectrum to a known molecule. Here we can continue by noting that the characteristic computed bands match the chloroform ones (Fig. 5) . Again the presence of a parasite residual signal around 1000 cm −1 in the resolved spectrum can be noticed. Including the chloroform pure spectrum in our program database allows us to quantify CHCl 3 . Actually we have introduced chloroform in two samples among BTEX, 60 and 393 g L −1 (see ESI 
Conclusions
The amounts of each BTEX species can be predicted in a wide concentration range by processing Raman data thanks to the SIMPLISMA algorithm model. With the integration of a database better accuracy is obtained (5%), above all regarding the lower concentration values. This method is efficient even in the case of big gaps such as 1‰ between the minimum and maximum analyte concentration. However in that situation accuracy becomes lower. The presence of an 'unknown' compound different from BTEX in its structure as well as its chemical nature was simulated by adding chloroform in mixtures. Its spectral fingerprint was successfully extracted. Then it was embedded in the database to succeed in determining its amount. Thus this is a fast, upgradeable data processing method with good accuracy suitable for sensor applications.
